The hypothesis that the population dynamics of distant fish stocks may be synchronized by climate variations is largely based on a few major pelagic fisheries or stocks (called here 'target series'). We broadened the study of synchrony to all available fisheries in the world by making use of all available data in the FAO catch database during the last 50 years. We investigated synchronous patterns in remote fisheries using two different approaches. The first approach consisted of simulating catch time-series as random walk processes and comparing the synchronies found between these time-series to the synchronies found in FAO data. In the second approach, we applied classification algorithms to analyse synchronies in the FAO catch database. We used K-means clustering and neural networks to answer the following four questions: (1) Do the target series appear in the same cluster? (2) Do the clusters regroup series from the same region (local synchrony) or from distant ones (remote synchrony)? (3) Are there any numerically dominant patterns (clusters) in the catch series? (4) Do the species displaying the same pattern share some common bio-ecological features or ranges of abundance? Our results indicate some degree of local rather than remote synchrony. Nonetheless, it does not prove that such remote synchronies do not exist, but simply that further process studies are required before accepting them as a new paradigm.
INTRODUCTION
was the first to notice that during the 20th century several of the world's largest populations of sardine Sardinops sagax experienced large, long-term changes. He showed that a pattern of ocean-wide synchrony emerges when one looks very broadly at the sardine landings from three regions of the Pacific Ocean (Japan, California and Peru-Chile) that have supported large sardine fisheries. The collapse of the Japanese and Humboldt sardine populations in the late 1980s and early 1990s reinforced Kawasaki's point of view (Lluch-Belda et al., 1992a; Bakun, 1998; Schwartzlose et al., 1999) . Moreover, two of the other largest coastal pelagic fish populations in the world, the Peruvian anchoveta Engraulis ringens and the South African sardine, appeared to rise and fall directly out of phase with the Pacific sardine (Lluch-Belda et al., 1989 , 1992b Crawford et al., 1991) . Synchronies are also observed at the scale of oceanic basins. Many of the very large groundfish populations of the sub-Arctic North Pacific have also been varying substantially in phase with sardine populations (Bakun, 1998) . Catches of several salmon species around the Pacific Rim have also indicated some coherence in the low-frequency, large-amplitude variation of the corresponding populations (Beamish and Bouillon, 1993) , which, in turn, are out of phase with the anchovy populations (Beamish et al., 1999) . Understanding the processes involved in these possible synchronies is commonly considered a key scientific task in terms of climate change, management, prediction or human impact.
As the fish populations are certainly far too widely separated to interact through direct exchanges, a largescale climatic signal was first proposed as being the driving force of the observed synchronies. The climatic regime shift of the mid-1970s is well documented for the Northern Pacific, and is a strong candidate to account for several of the changes in salmon populations observed during the late 1970s in that region (Polovina et al., 1994; Hare and Mantua, 2000) . For the small pelagic populations, the situation is unclear. Sea Surface Temperature (SST) was considered initially (LluchBelda et al., 1989 (LluchBelda et al., , 1992b , but the SST trends have not been consistent in the various regions inhabited by populations of small pelagic fish (Bakun, 1998) . Klyashtorin (2001) suggested that the Atmospheric Circulation Index (ACI) is a reliable climatic index that may be related to regular long-term changes in the major commercial fish stocks. The long-term fluctuations of the main commercial catches of Pacific salmon, Japanese, Californian, Peruvian, South African and European sardine, Alaskan pollock, Chilean jack mackerel, Atlantic and Pacific herring as well as Atlantic cod display a pronounced spectral maximum of 54-58 years and correlate with the ACI zonal or meridional component (r ¼ 0.70-0.90) (Klyashtorin, 2001) . Spencer and Collie (1997) only observed shorter periodicity (around 40 years) because they used timeseries shorter than 80 years. Regional synchrony forced by environmental changes is also advocated to explain multi-centennial regimes of anomalous salmon, sardine and anchovy abundance in the northern Pacific (Beamish et al., 1999; Finney et al., 2000 Finney et al., , 2002 . Most of the previous studies focused only on a few major fisheries or stocks, and on the alternation of sardine and anchovy in the major ecosystems (regime shifts, turning points), but these synchronies are not exclusive to pelagic or semi-pelagic fisheries, as shown by recent studies (Hollowed et al., 2001; Klyashtorin, 2001) .
The objective of this study is to use statistical tools to investigate synchronous patterns in all available marine fisheries in the world (including crustaceans, molluscs, sharks and seaweeds). Instead of focussing the study on a limited number of major pelagic stocks for which long time-series (>70 years) are available, we broaden it by making use of all available data in the FAO catch database for the last 50 years. This dataset is first compared to simulated data (random walk process). We then use clustering methods to identify synchronies and to find out if any properties (ecological, geographical, human induced, etc.) are shared by fisheries displaying synchrony. This approach is based on a number of assumptions, implicit in previous studies: 1. commercial catches are adequate proxies for detecting low-frequency variability in stock abundance (these are the only proxies available at a global scale); 2. national reported catches by FAO areas (FishStat Plus) are the best and more consistent data available. Our aim was to answer the following four questions: (1) Do the ''target series'' of clupeoid species that supposedly vary in synchrony appear in the same cluster? (2) Do the clusters regroup series from the same region (local synchrony) or from distant ones (remote synchrony)? (3) Are there any numerically dominant patterns (clusters) in the catch series? (4) Do the series displaying the same pattern share any common properties? As the target series corresponds to large pelagic fish stocks of low trophic levels, we focussed on large stocks (regardless of the species) and pelagic species (regardless of the stock size) in more detail, and paid attention to the trophic level distribution in the clusters.
MATERIAL AND METHODS

Data
The main focus of our approach was to make data repeatable by other teams by using available data and as little filtering and transformation as possible in order to keep it simple. We used the FAO database (FishStat Plus), which covers 15 225 national fisheries time-series data from 1950 to 1998. We extracted 965 time-series using the following criteria:
• no more than three consecutive years of missing data;
• no more than four consecutive years of repeated values, except if <5% of the average yearly catches; • more than 44 years of observed data;
• at least the genus of the species must be known;
• marine species only excluding coral, crocodiles, alligators and mammals. Because previous analyses focussed largely on major pelagic fish stocks, we updated the FAO database to include missing data on four major stocks (Californian sardine from Mexico and the USA; Californian anchovy from Mexico; Peruvian sardine) and re-allocated to Namibia the pelagic catches made in this country that were formerly allocated to South Africa prior to Namibian independence (Table 1) .
Different trials of data transformation were performed and gave similar results:
• relative values (x/X).
In order to remove high-frequency signals, we used an exponential smoothing procedure with an alpha coefficient of 1/3, which is equivalent to smoothing roughly 5 years (¼10% time-series length). A good approximation of the smoothing function is:
The catch data provided by FishStat were merged with the FishBase database (Froese and Pauly, 2000) in order to access additional information per species. We also categorized the countries according to their level of development (industrial countries versus developing countries). After computing the average catches of the data series, we ended up with the following list of ancillary variables: mean annual catches, FAO area, ISSCAAP species group (International Standard Statistical Classification of Aquatic Animals and Plants; e.g. the group 'herrings, sardines and anchovies'), the country's level of development, trophic level and maximum standard length of the species (fecundity and longevity data in FishBase were too scarce to be used).
Because of different perceptions in the literature on which species groups are expected to display synchrony, we initially used the entire extracted timeseries, then 109 series of pelagic species, and finally only 22 landings of fish or invertebrates for which cumulative catches over the period 1950-1998 were over 10 million tons (Table 2) .
Finally, because we also wished to track time-series in phase opposition, we constructed mirror images of the initial dataset by multiplying all values by -1. We then merged the initial dataset with its mirror image of each time-series and repeated the clustering analyses conducted previously.
Simulation method
In order to mimic the fisheries time-series, we simulated 150 time-series of 50 X i data points each, using a random walk process characterized by:
A matrix of the correlation coefficients was constructed from the simulated dataset, resulting in 11 175 coefficients. The frequency distribution of these coefficients was compared to the frequency distribution resulting from a similar processing of an FAO data series. Furthermore, we contrasted the distribution of coefficients to the correlation coefficients between data series corresponding to clupeoid stocks identified visually as varying in synchrony by Schwartzlose et al. (1999) ; we will call these 'target series' in the rest of the paper (Tables 3 and 4 ; Fig. 1 ).
Clustering algorithms
Clustering techniques were applied to the complete dataset, the dataset plus its mirror image and the limited dataset of 22 data series to construct homogeneous clusters according to the shape of the catch series only. We analysed the distribution of the cluster size (n), looking for those clusters expected to be numerically dominant, and verifying if those target series described in the literature as varying in synchrony were classified in the same cluster. As all clustering methods are sensitive to the choice of parameters and settings (number of clusters, pre-clustering methods, parameters), we made several trials with 6, 12, 20, 30 and 40 clusters, using two clustering techniques: K-means and neural networks. We performed a variance analysis of the clustering to get a compromise between the number of clusters and their internal variability. The criterion used to judge the strength of a given synchrony was its consistency across different settings or methods. The conventional K-means clustering algorithm iteratively assigns K centres to represent the clustering of N points (Bishop, 1995; StatSoft, Inc., 2000) . The resulting clusters are of greatest possible distinction. The algorithm starts with K random clusters, and then moves objects between these clusters to minimize variability within clusters and maximize variability between clusters (analogous to 'ANOVA in reverse'). The initial cluster centres can be objectively assigned in two different ways: first, by maximizing the between-cluster distances, and second, by taking observations at constant intervals. We used both of these methods. The sum of squared Euclidian distances between a given cluster and all others provides an index of oddity of the cluster.
The SOM (self-organizing map) neural network classifies the time-series in an unsupervised way, in an attempt to find the appropriate number of clusters to describe the major patterns (Kohonen, 1995) . The SOM algorithm is a neural network that learns data features in an unsupervised way. Clusters are organized in a two-dimensional matrix (here 5 · 4 or 6 · 4). A two-stage vector computation (quantization) is used to allow smoother feature detection. The first step facilitates pre-ordering (definition of neighbourhood Table 3 . 'Target series': a selection of 13 national catches of small pelagic fish whose corresponding stock is supposed to display remote synchrony with at least one of the stocks in the table (according to Schwartzlose et al., 1999 Table 4 . Correlation matrix of time-series of FAO catches corresponding to stocks identified as varying in synchrony by Schwartzlose et al. (1999) . Bold numbers are expected in-phase synchronies whereas italic numbers are expected synchronies in phase opposition. Note that Schwartzlose et al. often user longer time-series than FAO ones and that they do not always regroup the data by country.
radius, which in our case was equal to the larger matrix dimension), while the second focuses on better clustering convergence (we used a value of two for the radius). Other typical settings that we used were hexagonal topology, a bubble neighbourhood, 2000 iterations and a learning rate of 0.02 during the preordering phase of quantization, versus 20 000 iterations and a learning rate of 0.05 during the final phase of quantization. We did not subset the data for training.
Analysis of clusters with ancillary variables
In order to quantify how the cluster composition matched the properties of the independent ancillary variables, we used a decision tree algorithm C & RT (Classification & Regression Tree) to reconstruct the clusters independently from the initial clusters. This enables the segmentation success to be used as a criterion of representativeness of the clustering (Breiman et al., 1984; StatSoft, Inc., 2000) .
RESULTS
Simulated versus FAO data
The absolute value of the correlation coefficient |r| in the 21 common identified synchronies shown in Table 4 varies from 0.12 to 0.88, with an average value of 0.59 for the 10 highest values. The frequency distribution of |r| in the correlation matrix constructed from the 965 FAO data series displays a bell shape, similar to the frequency distribution obtained from the correlation matrix constructed from the simulated dataset (not shown). Testing the confidence limits of these coefficients according to conventional statistical tables (e.g. Zar, 1999) is debatable due to the non-independence of the observations within a series (trended and auto-correlated time-series), and most authors prefer a visual assessment. In the FAO correlation half-matrix, 82 375 (17.7%) of the 465 130 correlation coefficients exceeded the absolute value of 0.59 (which is well above the threshold of 0.46 corresponding to P < 0.001) and 13 582 (2.9%) exceeded 0.80. The corresponding values were even higher in the correlation matrix of simulated series. Indeed, we observe in both types of series high visual resemblance between many pairs of catch series, without any identifiable link in the case of FAO data.
Clustering with K-means
Two options used to define the initial cluster centres (maximum between-cluster distances or observations at constant intervals) provided different cluster compositions, suggesting that the classification is unstable. For instance, using the pre-clustering method that maximizes between-cluster distances, the K-means classification in 20 clusters of the 965 exponential smoothed z-score data (without adding mirror images of the time-series) provides differing numbers of observations per cluster: one with 14 observations and two dominant clusters with more than 120 observations (the third cluster having only 58 observations). The last two clusters (7 and 14) were above the 90 percentile of Investigating synchronous patterns in fisheriesoddity using the sum of squared Euclidian distances. We found only three clusters that regrouped two or three of the 13 target series, which is less than expected if the observations were randomly distributed in the clusters. The seven corresponding series are as follows:
• USA anchovy and Brazilian sardinella with low cluster distances of 0.37 and 0.39 respectively (cluster 2, n ¼ 57; Fig. 2 ).
• Korean anchovy, Mexican and Peruvian sardine (three increasing time-series), with low cluster distances of 0.36, 0.22 and 0.29, respectively. Interestingly, this cluster is the one with the highest oddity coefficient and the highest number of timeseries (cluster 7, n ¼ 129; Fig. 2 ).
• Japanese anchovy and South African sardine, with medium cluster distances of 0.50 and 0.43, respectively (cluster 9, n ¼ 49). When using the constant intervals pre-clustering method on the same dataset, the numbers of observations per cluster were more homogeneous than before (frequency distribution between 13 and 101; figure not shown). Two clusters were above the 90 percentile but there were no target series in these two clusters. There were only two clusters that regrouped two of the 13 target series (which is less than expected if the observations were randomly distributed among the clusters). The four corresponding series are as follows:
• as before, the USA anchovy and the Brazilian sardinella with cluster distances of 0.41 and 0.37, respectively;
• the Mexican sardine is now in the same cluster as the Japanese sardine (but no longer with the Peruvian sardine and the Korean anchovy), with low and medium cluster distances of 0.21 and 0.45, respectively. Table 5 provides a synoptic view of the differences between the two pre-clustering methods regarding the target series.
After different trials of clustering the 965 timeseries into 6, 12, 20, 30 and 40 clusters, we found the most suitable value to be 20. As expected, decreasing the number of clusters increases the number of detected synchronies, but will also increase the distance of the time-series to their cluster, a distance that is already high in most of the results using 20 clusters (results not shown). On the other hand, increasing the number of clusters will decrease the probability of finding synchrony among the 13 target series: with 40 clusters and using the maximum between-cluster distance method, we found only the sardine time-series from Japan, Peru and Mexico to fall within the same cluster (n ¼ 57), with distances of 0.36, 0.21 and 0.15, respectively. Using the constant intervals method, only the sardine time-series from Japan and Mexico fell within the same cluster (n ¼ 40), with distances of 0.37, and 0.13, respectively.
Repeating these analyses on the dataset combined with its mirror image allows the identification of some of the phase opposition synchronies between target species as described in the literature (Table 6 ). For instance, the following out-of-phase synchronies were identified by K-means when using the pre-clustering option that maximized between-cluster distances: the Peruvian anchoveta and the USA sardine on the one hand, and the anchovy time-series from Japan and Mexico on the other. When using the constant intervals method, we found the following time-series to be out of phase in the same cluster: the anchovy time-series from Japan was anti-correlated with the one from Mexico (as before) but was also anti-correlated with the Japanese sardine, the USA sardine was anti-correlated with the Brazilian sardinella, and finally the Japanese sardine was anti-correlated with the Japanese anchovy. Inconsistencies in the results were related to the two different pre-clustering methods (Table 6) , and also between the initial analysis using only the original time-series and the analysis after adding the mirror image (compare Tables 5  and 6 ). The most consistent in-phase synchronies were between the Brazilian sardinella and the USA anchovy.
When trying to identify some common features in the life histories or abundance of the time-series belonging to the same cluster, we found little structuring by the ancillary variables. For instance, in our first example of K-means classification in 20 clusters using the pre-clustering method that maximized between-cluster distances, we used ancillary variables in the decision tree algorithm to reconstruct the 20 clusters, but the segmentation success was only 36%. FAO areas had the highest contribution (Fig. 3) , the species composition an intermediate one (Fig. 4) , whereas the trophic level had one of the smallest contributions, in contrast to what we expected. Clustering the 109 series of pelagic species into 12 clusters did not provide clear numerically dominant patterns. For instance, using the maximum betweencluster distances, the 13 target series were located in nine different clusters, and the USA sardine series was alone in its cluster. Finally, several attempts to cluster the 22 major catch series (Table 2) into increasing numbers of clusters revealed no clear numerically dominant cluster(s) until one reached a total of 12 clusters, regardless of the pre-clustering option. Then, when using the maximum between-cluster distances, a dominant cluster of four time-series appears, which regroups three Japanese species (anchovy, squid and jack mackerel) and the Peruvian anchoveta, i.e. two out of our 13 target series.
Clustering with SOMs
By clustering the whole dataset in a matrix of 5 · 4, the number of time-series per cluster varied from 15 to 79 and the map was unfolded (not shown). The SOMs map classified the time-series according to the following two characteristics (Fig. 5) : on the horizontal axis, the mean cluster pattern varied from nonmonotonic (unimodal) to monotonic; on the vertical axis, it varied from a decreasing to an increasing trend. Interestingly, the two numerically dominant patterns (clusters 02 and 43) are increasing or decreasing time-series, with homogeneous compositions as indicated by the small confidence limit intervals (especially for cluster 43; Fig. 5 ). The following target series were found in the same cluster:
• South African sardine and Japanese anchovy (cluster 01); • Peruvian, Mexican and Japanese sardine (cluster 41). For the SOMs algorithm, it was more difficult to identify clusters with bimodal patterns such as the Table 5 . Synoptic view of the in phases synchronies described in the literature (grey blocks) and of the catch series found in the same cluster according to two clustering methods on the 965 FAO data series: K-means with 20 clusters and using two pre-clustering methods (maximizing the between-cluster distances, K1; taking observations at constant intervals, K2) and SOM neural network with a matrix of 5 · 4 clusters (S1) or 6 · 4 clusters (S2).
anchovy time-series from Peru and Chile. This suggests that bimodal time-series are atypical and/or that the location of the mode varies from series to series. To obtain these bimodal clusters, one had either to increase the number of clusters up to 24 (matrix of 6 · 4) or, if using fewer clusters (such as 20 in a matrix of 5 · 4), to set the neighbourhood to zero during the final phase of computation. This last option is not a conventional one and always yielded folded maps of cluster centres, which were discarded. When using a matrix of 6 · 4, the number of time-series per cluster varied from 15 to 65 (results not shown) and the following target series were found in the same cluster:
• South African sardine and Japanese anchovy (cluster 02); • Namibian sardine and Peruvian anchoveta (cluster 03); • Peruvian and Mexican sardine (cluster 52).
DISCUSSION
It can be argued that commercial catches poorly represent the variation in abundance of stocks because of external anthropogenic factors (technological improvements and economic health of the countries, fishery management, wars, etc.) or poor quality of FAO data for some countries. However, we made the same assumption as authors claiming that commercial catches are adequate proxies for stock abundance when one studies low-frequency variability, because most fish populations display interdecadal variation of one or more orders of magnitude. We contend that even the increasing number of fishery regulations during recent years does not necessarily weaken the relationship between catches and abundance, as most of these regulations are aimed at getting catches proportional to abundance at the interdecadal scale. In many instances, especially in pelagic fisheries, which are the best candidates for synchrony, regulation is provided by variable quotas that are nearly always filled because of fleet overcapacity.
Another serious objection could be that our method is not able to reflect these synchronies because we deal with national catches, which do not always match boundaries of stock units, populations or ecosystems. The answer to this criticism is threefold. First, authors who claim synchrony are not always consistent in their grouping of national catches into stocks, populations or ecosystems: the pelagic catches of Namibia and South Africa are sometimes considered Table 6 . Synoptic view of the synchronies described in the literature (in phase ¼ dark grey blocks; out of phase ¼ light grey blocks) and of the catch series found in the same cluster according to two clustering methods on the 965 FAO data series combined with mirror images: K-means with 20 clusters and using two pre-clustering methods (maximizing the between-cluster distances, K1; taking observations at constant intervals, K2).
separately, and at other times regrouped. Second, as far as synchrony is concerned, the object of study is not clearly defined scientifically: is it an exploited stock, a group of stocks belonging to the same ecosystem or a population defined on a genetic basis? In that respect, the regrouping of all the Californian sardine stocks from Canada to Mexico is questionable, especially because the national catches of this species show opposing trends (Mexico and USA). Thirdly, if remote synchronies occur in some populations, in most of the cases they should be reflected equally in the different components of these populations exploited by different countries.
From a statistical point of view, one must bear in mind the main limitations of our approach. The K-means is a robust procedure that requires little parameterization except for the definition of initial cluster centres, but some authors do not find it to be as powerful as neural networks. The SOM procedure supposedly performs better, but is sensitive to Redfishes, basses, congers Cods, hakes, haddocks Tunas, bonitos, billfishes Jacks, mullets, sauries Shrimps, prawns Mackerels, snoeks, cutlass. Others Figure 4 . Grouping of species distribution within 20 clusters resulting from the K-means classification of the whole dataset, using the maximum distance pre-clustering option. parameterization (learning rate, neighbourhood, weighting factors).
More important for the interpretation of our results is the low number of patterns that one can expect in time-series of 49 years of largely auto-correlated data (limited number of true degrees of freedom). Most of the time-series display decreasing or increasing trends, which can be interpreted either by the effect of exploitation or by non-anthropogenic long-term cycles in which the half-wavelength is close to or larger than the length of the FAO time-series. Low-frequency variations of pelagic fish stock abundance have been documented in many ecosystems (Glantz, 1992; Spencer and Collie, 1997; Francis et al., 1998; Schwartzlose et al., 1999; Bakun and Broad, 2002) , and are often interpreted as the result of environmental forcing, although other processes, such as interactions between species or -during the anthropogenic period -exploitation, may also be advocated (e.g. Garcia and Grainger, 1997; Caddy and Garibaldi, 2000; Cury et al., 2000; Kornilovs et al., 2001; Link and Garrison 2002) . SOM maps show a continuum of patterns and have difficulty in identifying time-series with more than two or three turning points. These turning points do not match those of the ACI proposed by Klyashtorin (1998) , or those of the Pacific Decadal Oscillation index. This suggests that only a minority of the national catch series are correlated with these indices.
Our results indicate that, from nearly half a million correlations that one can compute from 965 timeseries of catches, either observed or simulated, several hundred display tighter correlations than those observed between the target series. Clearly most of the correlations occurred just by chance. Whether or not some of them have a meaning in terms of remote synchronies triggered by a common external factor is impossible to prove but remains largely debatable. If such was the case, as advocated for the major pelagic species, these stocks should be found consistently in the same cluster(s), which was not the case. Instead, we observed instability in the composition of the clusters, with different compositions according to options in the clustering algorithms. Finally, our data analysis does not support the idea that species within the same cluster should share some common features in their life histories or abundance. In that respect, the contribution of trophic levels was very low, whereas we would have expected the anticipated role of environmental forcing factors on lower trophic levels to result in a higher contribution of this ancillary variable. Only the FAO region had a reasonable contribution, mainly because one cluster (no. 14 in the K-means analysis) was dominant in the two regions of south-east Asia (Fig. 3) . This result suggests a certain level of local synchrony in this part of the world, although the very tight synchronies observed among Indonesian time-series are questionable. Because cluster 14 regroups decreasing time-series (Fig. 2) , a generalized overexploitation of the region (Pauly et al., 1998) might explain this result.
Regional synchronies might be easier to explain than remote synchronies because consistent low-frequency environmental change is more often observed at the basin scale than at the planetary one. How these basin-scale climatic changes translate into one or more local effects on the shelf is still largely unknown. However, Rothschild (1995) suggested that fishingindependent variations of abundance occurring at a large multidecadal scale are related either to multidecadal fluctuations in primary production or to changes in the trophodynamic pathways by which primary production is transformed into fish biomass. Other promising hypotheses related to hydrodynamics have been proposed recently to explain coherent regime changes observed during the last 40 years in the Pacific (Francis et al., 1998; McFarlane et al., 2000; McFarlane and Beamish, 2001; Bakun and Broad, 2002) .
From the 23 synchronies indicated in Table 4 , we found only a certain degree of synchrony within the main Pacific time-series of sardine during certain clustering trials. Two to three sardine time-series of the following countries were sometimes found in the same cluster: Japan, Korea, Mexico and Peru, but not the USA. On one occasion these sardine time-series occurred in the same cluster as the Korean anchovy, although anchovy and sardine are expected to display out-of-phase synchrony (Kawasaki, 1983; Luch-Belda et al., 1992a; Bakun, 1998; Schwartzlose et al., 1999) . The only consistent result was the association between the Brazilian sardinella and the USA anchovy, a synchrony not described in the literature. In brief, our results indicate few occurrences of synchrony between national pelagic catches, and the number of synchronies observed is less than would be expected if the time-series were randomly distributed in the different clusters.
Recently, there have been some major unexplained departures from remote synchrony. One of these is the apparent time lag of about one decade in the California Current relative to the Japanese and Peruvian systems (see appendix in Schwartzlose et al., 1999) . The sardine population off California has been expanding since the early 1990s, while at the same time, in the Southern Pacific, anchovy became the dominant population and sardine declined to a low level. As a consequence, the sardine populations of the Humboldt and California systems are now in an opposite phase of abundance. The apparent link between the Pacific and South Atlantic sardine populations (out-of-phase situation between the Pacific and the Benguela) also seems to have vanished. Moreover, opposite patterns are occurring within the Benguela system. In the Southern Benguela, the anchovy population reached a record high level in 2000 while the sardine population has shown a positive trend for the last 15 years (Beckley and van der Lingen, 1999; MCM unpublished data) . According to Luch-Belda et al. (1992a) , sardine population collapse is simultaneous with the population shrinking to smaller, equatorward refuge areas, a concept that could help in the interpretation of some of our results but does not apply here. The equatorward refuge area for sardine in the Benguela should be Namibia, but the Namibian sardine stock collapsed in the middle of the 1970s and has still not recovered. Furthermore, farther south the South African stock is extremely healthy, with a persisting positive trend over the last 13 years and catches close to 200 000 tons over the last 3 years, sustained by an average biomass of 1.8 million tons (MCM unpublished data). This apparent contradiction might be solved if one considers that the Benguela differs from all other Eastern boundary upwelling ecosystems by the presence of warm water both in equatorward and polarward regions.
In conclusion, although large-scale synchronies between widespread marine fish populations have occurred over more than a decade, from the mid-1970s to the late 1980s, it is becoming increasingly obvious that, for the small pelagic populations, the situation that prevailed from the mid-1970s to the late 1980s is no longer true. Our results for national catches suggest that most of the synchronies observed occurred just by chance due to the limited degrees of freedom of largely auto-correlated time-series over a few decades. Many patterns have appeared where the clupeoid species are distributed in all the corresponding clusters, but the clusters where the target series are found do not share common features in their life histories. Although the aim of this paper was not to study periodicity in time series of catches, our results support findings of previous authors (Baumgartner et al., 1992; Garcia and Grainger, 1998; Beamish et al., 1999; Finney et al., 2000) showing that some fisheries -and in many cases the corresponding fish stocks -display long-term cycles of variation. The factors responsible for these cycles are not clearly understood (ecosystem dynamics, physical forcing, anthropogenic) but they do not seem to vary in synchrony. Nonetheless, if this work demonstrates that remote synchronies may not be proven with the available data and the particular methodology used, it does not prove that such synchronies do not exist. Therefore, this study suggests that further process studies are required before accepting causally linked remote synchronies as a new paradigm. Regional synchronies forced by climatic changes at a basin scale may be easier both to prove and to understand.
